ABSTRACT In China, people have been using traditional Chinese medicine (TCM) to treat diseases for thousands of years. Doctors combine patient symptoms with TCM theory to devise formulae composed of several traditional medicines. With the rapid development of the Internet of Things (IoT), the Internet of Medical Things (IoMT) is gaining popularity in the TCM domain. Consequently, a large number of TCM formulae with different therapeutic effects have been accumulated in IoMT. Therefore, we presented PWFP, which is an efficient methodology for extracting the top-K weighted frequent patterns for IoMT. PWFP guarantees efficient mining performance by estimating the minimum weighted support threshold value. Furthermore, PWFP can be applied in the efficacy-based analysis of these TCM formulae. This study conducted several experiments on both general datasets and TCM formulae for glomerulonephritis stored in IoMT. The rankings of the patterns mined from the prescriptions displayed a good rise in clinical efficacy. Doctors can use these top-k effective patterns as new drug and medicine combination candidates when they conduct drug discovery research and perform clinical medicine selection.
I. INTRODUCTION
Traditional Chinese medicine (TCM) has been widely used in the treatment of diseases for thousands of years. Doctors of TCM combine patients' symptoms with TCM theory to devise Chinese medicine formulae (prescription) which is a set of several traditional Chinese medicinal materials [1] . For example, on average, a Chinese medicinal formula for osteoarthritis includes 5.2 different traditional Chinese medicinal materials [2] . Taking the formulae as transactions and the medicines used in the formulae as items, mining prescription patterns can help doctors with the selection of medicinal materials and provide new drug and medicine combination candidates [3] . For example, Peishan et al. [4] found that for treatment of urticarial, the most frequently used single Chinese herb and Chinese herbal formula in Taiwan were Dictamnus dasycarpus Turcz and Xiao-Feng San, respectively. The most frequently used 2-drug combination consisted of Xiao Feng San and Dictamnus dasycarpus Turcz and was prescribed at a rate of 9.33%. The most prevalent 3-drug combination consisted of Xiao Feng San, Dictamnus dasycarpus Turcz and Kochia scoparia and was prescribed at 3.86%. In [5] , by applying association rules, the authors found that Ma-Xing-Gan-Shi-Tang, the most frequently used Chinese herbal formula, was the core formula, while the most frequently used single Chinese herb was Zhe Bei Mu (Fritillaria thunbergii Miq). These findings can be used as important clinical references. In [6] , from 596,801 TCM formulae for upper respiratory tract infections, the authors found that the most commonly used combination was Yin-QiaoSan and Ma-Xing-Gan-Shi-Tang. Clinical data were analyzed in [7] to obtain the TCM prescription patterns for rheumatoid arthritis: Corydalis yanhusuo was the most commonly used medicine. XianJun et al. [8] analyzed the formulae for respiratory diseases recorded in the authoritative pharmacopeia and the rules governing doctors' medicinal selections were discovered. Radix glycyrrhizae was the most common medication, Herba ephedrae and Radix glycyrrhizae was the most common medicinal pair. In [9] , after information retrieval and association rule analysis, it was found that invigorating qi and moistening the intestine were the main goals of TCM formulae for intestinal diseases; for treatment, Kuxingren (Semen Armeniacae Amarum) was the most commonly used. Using association rules, Yanhua et al. [10] analyzed formulae from hospital records and journals and found that Huang Qi was the most common medication, while the most common combination was Bai Zhu (Rhizoma Atractylodis Macrocephalae) and Huang Qi.
However, in the above applications, the researchers considered only the prevalence of such medications in formulae but did not consider the curative effects of the medicines themselves; therefore, some less frequent medicines with good curative effects were ignored. Moreover, it is difficult for doctors to determine a minimum support threshold.
The Internet of Things (IoT) refers to the communication and collaboration between smart devices through a variety of networks [11] . With the rapid advances of related technologies such as wireless communications [12] - [14] , IoT is gaining popularity in several application domains. For example, Industrial Internet of Things (IIoT) has been successfully used to increase the efficiency of production [15] . Moreover, IIoT can be used to address new industrial challenges, such as smart control [16] , [17] and dynamic data management [18] . IoT has also been applied to the medical domain to provide better and smarter healthcare services, e.g., disease prediction [19] . This application is referred to as the Internet of Medical Things (IoMT) [20] . Nowadays, IoMT is gaining popularity in Traditional Chinese Medicine (TCM) hospitals. Consequently, a large number of TCM formulae with different therapeutic effects have been accumulated in IoMT.
Therefore, this paper applied PWFP, an efficient methodology for mining the top-K frequent weighted patterns, to an efficacy-based analysis of TCM formulae for glomerulonephritis stored in IoMT. This algorithm preferentially recommends medical combinations to doctors that have good curative effects; however, it does not set the threshold.
The rest of this paper is organized as follows. Background information and the related technology are described in Section 2. The algorithm is described in Section 3. In Section 4, experimental results are presented and discussed. Finally, Section 5 provides conclusions.
II. RELATED WORK A. ASSOCIATION RULES
The core of an association rules algorithm is to mine frequent patterns (itemsets) from a transaction database. Suppose I is an itemset with n items, namely, I = {i 1 , i 2 , . . . , i n }, and a transaction database (BD) = {t 1 , t 2 , . . . , t m }, where Transaction t j (j ∈ [1, m] ) is a subset of I . Suppose a k-pattern or a k-itemset P = {p 1 , p 2 , . . . p k }, where P is a subset ofI , p j ∈ I , and k ∈ [1, n] denotes the length of P.
Definition 1:
The support (frequency) of P, Support (P), refers to the number of transactions that include the P itemset in a transaction database.
Definition 2: If Support (P) is greater than ξ , the minimum support threshold, P is called a frequent itemset or a frequent pattern (FI).
Both Apriori [21] and FP-growth [22] are classical algorithms for mining frequent item sets. On the basis of these two algorithms, many algorithms for improving the mining efficiency have been proposed, such as LP-tree [23] , FP-growth * [24] , CFP-tree [25] , DiffNodesets [26] , Patriciatree [27] , IFP-growth [28] , and CT-PRO [29] . When using any of these algorithms, ξ must be specified in first. To address this issue, the N -most interesting itemsets, and the BOMO algorithm [30] have been presented.
B. MINING THE TOP-k FREQUENT PATTERNS
Definition 3: The top-K frequent patterns or itemsets (top-K FI): when 1 ≤ k ≤ K , all k-itemsets whose support is greater than the support of the N th k-itemset constitute the top-K FI.
In the BOMO algorithm, instead of setting ξ , the parameters K and N , which are easy to estimate, are set to mine the top-K FI. To establish a global tree, ξ is set to zero. The global tree includes all the items in the transaction database. After establishing the global tree, ξ is estimated by traversing each path with a length of K from the root. Then, the global tree is mined. In addition, during the mining process, the algorithm dynamically regulates ξ , and pruning strategies are conducted according to the current value of ξ .
In recent years, many studies on top-K FI have appeared. For instance, to enhance top-K FI efficiency, Gwangbum and Unil [31] proposed the CRMN (SKC) algorithm, which reduces the number of item combinations in a single prefix tree path. Tseng et al. [32] designed TKU and TKO, which can effectively mine the top-K high utility patterns. Heungmo and Unil [33] proposed another algorithm, REPT, which reduced the number of candidate itemsets. These algorithms applied minimum utility threshold estimation, but that approach is not suitable for estimating ξ .
C. WEIGHTED ASSOCIATION RULES MINING
When mining association rules, it is usually necessary to consider the importance of various transactions and items. For example, because doctors expect to find drug combinations that exhibit good curative effects, the prescriptions and medicines found that have good curative effects are more important and should have higher weights. Therefore, the concept of weighted association rules was proposed [34] .
Definition 4: A weighted transaction database (WTD) refers to a BD and a set of positive weights, WS = {w 1 , w 2 , . . . , w m }, where w i (i ∈ [1, m] ) is the weight of the corresponding transaction, t i , and represents its importance.
Definition 5: Let W t be the total number of weights for all transactions in WTD, and let W X be the total number of weights for the transactions that contain itemset X .
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The weighted support of itemset X , WSP(X ), is defined as follows:
Definition 6: Given a minimum weighted support threshold δ, an itemset X is called a weighted frequent itemset or pattern (WFP) if WSP (X ) is not smaller than δ.
Definition 7: A k-WFP is a WFP containing k items. Subsequently, many improved algorithms for WFP mining have appeared. For example, Vo et al. [35] proposed WIT-FWI, an efficient algorithm for WFP mining, and Ahmed et al. [36] proposed IWFPTFD and IWFPWA, which are modified algorithms for mining WFP from data streams. Yun et al. [37] proposed the MWS algorithm to find weighted maximal frequent patterns in data streams.
However, all these algorithms need to set δ in advance, which is difficult for doctors when conducting pattern mining for prescriptions.
D. META-ANALYSIS
Meta-analyses are used to collect and statistically synthesize results from a series of studies concerning a given question. First, literature retrieval is conducted according to the research goals, and qualified studies are selected in accordance with the inclusion criteria. The effect sizes of each independent study are calculated to assign weights to each study. Then, the summary effect is computed and heterogeneity analysis and sensitivity analyses are conducted, leading to a final report.
Many studies on TCM have applied meta-analysis. According to [38] , in which a meta-analysis of the literature related to TCM treatment of intra-abdominal hypertension (IAH) and abdominal compartment syndrome (ACS) retrieved from databases such as PubMed and Medline was conducted, it was found that TCM could treat IAH and ACS effectively. In [39] , a meta-analysis conducted for 13 retrieved research articles related to the treatment of type 2 diabetes mellitus found that Astragalus was an effective adjuvant drug. In [40] , 22 research articles concerning the treatment of rheumatoid arthritis by Tripterygium wilfordii Hook F (TwHF) were retrieved from databases for a metaanalysis. The results showed that TwHF was more effective than existing conventional synthetic disease-modifying antirheumatic drugs.
III. METHOD
First, literature on TCM disease treatment with Randomized Controlled Trials (RCT) was retrieved from IoMT. Then, corresponding weights were assigned to each TCM prescription in the RCT. The TCM-weighted transaction database (TCMWTD) was constructed to save all prescriptions and their weights. Then, an initial global PWFP-tree was built and, the top-K weighted frequent patterns were iteratively mined from the global PWFP-tree, providing further useful information for doctors, such as the effective core formulae and medicinal pairs. The overall process for efficacy-based mining of patterns of Chinese medicinal formulae is shown in Figure 1 .
A. WEIGHT ESTIMATION
In RCTs, patients are randomly divided into a control group (CON) who receive Western medicine and a treatment group (TRE) who receive traditional Chinese medicine. In addition, the curative effect of Western medicine and traditional Chinese medicine are recorded in the literature.
In this study, c and t are the total number of patient cases for CON and TRE, respectively, and e 1 and e 2 are the total number of effective cases, respectively. The weight formula [41] is defined below.
Example 1: The research study in [42] recorded the clinical treatment of 98 patients with chronic glomerulonephritis.
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These patients were randomly and evenly divided into two groups, TRE and CON. Finally, the therapeutic effects of the two groups were compared, which showed that the treatment of 43 patients in TRE and 31 patients in CON was effective. According to Equation (2), the weight value of this prescription, is the following:
= 68.03
According to the example above, a higher weight should be assigned to a study that has better clinical efficacy, for which the study is characterized by a large number of objects of study, many clinical events and low variation. Example 2: Given a WTD as shown in Table 1 , when N = 2, a top-3 WFP mining operation is conducted. The results are shown in Table 2 . Definition 10: k-ideal minimum weighted support threshold (δ ik ) is the N th highest WSP.
During top-K WFP mining, existing algorithms such as BOMO require δ to be set to zero before building the initial global tree. That is, all the items in the transaction database are saved in a global tree, which causes the efficiency to be low. Therefore, this paper proposes a method for estimating δ during the global tree establishment process.
2) CONSTRUCTION OF GLOBAL PWFP-TREE
The PWFP-tree consists of a subtree and a HeaderTable. In the subtrees, each node is composed of an item name (itemname), a weight count (weightCount), a point to its parent node (parent-link), the pointers to its child node (child-link) and a node link (node-link) that points to other nodes that represent the same item in the tree. Each node on the path from the root node to this node can be accessed by following the child-link of each node. The items saved in these nodes form an itemset, and the weightCount accumulates the weights of the transactions containing this itemset.
Each node of HeaderTable is composed of an item name (item-name), the WSP of the count of the item (weightSupport), and a node-link, which points to the first node that represents the item in the tree.
The algorithm builds the global PWFP-tree by scanning the transaction database twice. During the first scan, the algorithm establishes the HeaderTable and the root node of the subtrees (Root). In addition, the weighted support of all items is calculated and all items are saved in the HeaderTable after they have been sorted in WSP in descending order. The second scan visits each transaction and inserts the items into the global PWFP-tree in WSP in descending order. Meanwhile, according to the dynamic status of the PWFP-tree, δ is estimated.
The top K +1 items of the highest WSP (TKI) were selected to evaluate the minimum threshold because they are the most likely to be included in the top-K WFP.
Suppose I top = {i 0 , i 1 , . . . , i k } is a set of TKI where i j is the rank in WSP in descending order. Thus, the N subsets of I top which contain K distinct items are most likely to be included in top-K WFP and are given as follows:
Before adding the transactions into the PWFP, the WSP of the N subsets of I top are calculated and preserved in an array
Let ω be the weight of a transaction (MT) and let ψ be the number of its items that are contained in I top . When MT is visited, ψ is counted. If ψ is equal to K and
is increased by ω; if ψ is less than K , directly insert the transaction into the global tree; and if ψ is equal to (K + 1), W [x] is increased by ω for all x (0 ≤ x ≤ N − 1) are increased by ω. Next, δ is estimated by finding the minimal weighted support in W and items with WSP smaller than δ are dislodged from MT.
Then, the algorithm calls InsertPWFP-Tree (MT), and MT is inserted into the global PWFP-tree. Let MT[i] be the i-th item of MT, let Root be the current node, and set i to 0. The following processes must continue until i is higher than the length of MT:
If the item-name field of child node (child) of the current node is the same as MT [i] , then child becomes the current Finally, for convenience in traversing the tree, nodes with the same items in HeaderTable are linked directly to it. In the same way, all transactions are inserted into the PWFP-tree. Figure 2 shows the pseudocode for constructing the PWFP-tree.
The process for establishing the PWFP tree is illustrated in detail below.
Example 3: Given a WTD as shown in Table 1 , when K = 3 and N = 2, using the statistics of WSP of all items generated during the first scan, the itemset constituted by the topmost K+1 items with the highest WSP is obtained: I Figure 3(a) . Second, the WTD is scanned for the second time. The first transaction, T 1 , contains I top and its input weight is 0.3. Then, T 1 is inserted, leading to W 0 = W 1 = 0.3 and δ = 0.3. Because the WSP values of all the items in T 1 are greater than δ and the PWFP-tree currently contains only the root node, a branch is created to save all items of T 1 , as shown in Figure 3 (b). The second transaction T 2 has 2 items existing in I top , which is less than K , with the result that W and δare not updated. The WSP values of both 'm' and 'l' are 0.1, which is less than δ; therefore, they are deleted. Because other items {a, b} share a common prefix with the existing branch starting from the root, no new node is built. The weightCount values of both 'a' and 'b' are incremented by 0.1, as shown in Figure 3(c) . Similarly, the scan of T 3 finds that it contains I 0 , where W 0 = 0.3 + 0.4 = 0.7, and W 1 shows no change, with the result that δ is not updated. In T 3 , the WSP values of 'j' and 'k' are less than δ, which results in pruning. To insert T 3 , the weightCount values of 'a', 'b' and 'c' are increased by 0.4, as shown in Figure 3(d) .
The fourth transaction, T 4 , contains S 1 , leading to W 1 = 0.3 + 0.2 = 0.5. According to W 1 , we can set δ = 0.5. In T 4 , the WSP values of 'f ' and 'p' are less than δ, resulting in pruning. The rest of the items are similarly inserted into the tree. Because it shares prefix {a, b} with the existing branch starting from the root, the weightCount values of 'a' and 'b' are increased by 0.2 and the new node 'd' is established, as shown in Figure 3 (e).
Property 1: Suppose the weighted transaction database is BD, the number of nodes in the global tree established by PWFP is Hp, and the number of nodes in the global tree established by BOMO is Hb. During construction of a global tree by PWFP, δ is increased dynamically. However, during establishment of a global tree by BOMO, δ remains 0, and the global tree saves all the items in the transactions. Thus, Hp will be less than Hb.
Property 2: Suppose the weighted transaction database is BD, the minimum weighted support threshold estimated by PWFP is δ p and the minimum weighted support threshold estimated by BOMO is δ b . After establishing a global tree, BOMO estimated δ b by traversing the paths with a length of K from the root node to the final node but did not accumulate the WSP values of the same items on different paths. Additionally, it ignored the fact that a path with a length of K+1 and the maximal WSP could generate k-itemsets with high WSP. However, PWFP accumulated the WSP values of the same items of I top contained by each transaction, leading to δ p > δ b .
Example 4: Given a WTD as shown in Table 1 , when K = 3 and N = 2, the global tree established by BOMO is shown in Figure 4 . As the figure shows, BOMO built 6 more nodes than did PWFP (see Figure. 3(e) ). There are three paths starting from the root with a length of 3 in Figure 4 : 
3) COMPLEXITY ANALYSIS ON THE ESTABLISHMENT OF A GLOBAL PWFP-TREE
Suppose I is an item set with n items, namely, I = {i 1 , i 2 , . . . , i n }, and the weighted transaction database (BD) = {t 1 , t 2 , . . . , t m }, where Transaction t j (j ∈ [1, m]) is a subset of I , and DB has υ items.
Lemma 1: In the best case, the cost of establishing a global PWFP-tree is O (υ + n).
Proof: In the best case, the length of each transaction in BD is less than K , the global tree only has one path, and there is no need to estimate δ during the global tree establishment by PWFP. Hence, the υ items in BD need to be scanned twice, and n items are inserted into HeaderTable to create n nodes. Consequently, the total cost is
Lemma 2: In the worst case, the cost of establishing a global PWFP-tree is O(2n − 1).
Proof: In the worst case, each transaction includes K or K + 1 items of I top . The υ items in BD need to be scanned twice, and n items are inserted into HeaderTable to create 2 n−1 nodes. To estimate δ, during the second scan of BD, the weights of each transaction must be added to the cells in array W . Thus, the cost for estimating δ is: mK, and the total cost is 2υ + n + 2 n−1
In the above analysis, although δ must be estimated mK times, PWFP prunes items whose WSP is less than δ. In Section 4.2, we will show experimental results in which the number of nodes in a global tree constructed by PWFP is far less than 2 n−1 .
4) EXTRACTING TOP-k WFP
After constructing the global PWFP-tree, a K lists structure (wresult) is built to store the k-WFPs (1 ≤ k ≤ K ). i-WFP and their WSP are stored in the i-th list (wresult i ) which includes N cells. Let the minimum WSP be δ i in wresult i and F i be i-WFP whose WSP is δ i . If a new i-WFP is explored and its WSP, δ new is greater than δ i , F i is substituted for the new i-WFP. Meanwhile, if i is equal to K and δ is equal to δ K , δ i is updated to δ new . Thereafter, the PWFP-growth procedure is called. Notice that the PWFP-growth procedure has two input parameters: one PWFP-tree, marked as T , and one prefix, marked as P. The growth procedure traverses the PWFP-tree and creates conditional PWFP-trees for mining the top-K WFP, as described below.
During global tree establishment, because δ has been estimated correctly, many tree conditions can be avoided. As a result, the efficient top-down method can be applied. Starting from the first node in HeaderTable, PWFP-growth visits the nodes sequentially downward until their weighted support is less than δ. Given a current node with item 'a i ' in HeaderTable, PWFP-growth accesses the node L in the tree that refers to the node-link of the current node and forms prefix P by combining P and item 'a i '. Then, PWFP-growth determines whether there is a single path between Root and L. If so, new patterns are generated and stored in wresult. These new patterns are the combinations of the nodes on this path. Otherwise, the base of the conditional patterns is constructed by traversing all the paths between L and Root. According to the base of the conditional patterns, the Construct_PWFP-Tree procedure is called to build a new conditional PWFP-tree, TP. Then, we can recursively call the PWFP_growth procedure which has two input parameters: TP and P . Thereafter, the top-K WFP could be found in wresult. The pseudocode for PWFP-growth is shown in Figure 5 .
The following example is used to illustrate the process of mining top-K WFP.
Example 5: Suppose K = 3, N = 2, δ = 0.5, and δ 1 = δ 2 = δ 3 = 0. The global PWFP-tree, shown in Figure 3 (e), is mined from top to bottom. First, PWFPgrowth starts from item 'a' in HeaderTable, and 'a' and its WSP(a) = 1 are stored in wresult 1 as shown in Figure 6 (a). Second, for item 'b' in HeaderTable, because it has only one path to the root node, 'b', WSP(b) = 1 is stored in wresult 1 . Meanwhile, because the minimal WSP = 1 in wresult 1 , δ 1 is set to 1. Additionally, the items 'a, b' and their VOLUME 6, 2018 WSP(a b) = 1 are stored in wresult 2 , as shown in Figure 6(b) . Third, only one path exists from 'c' to the root node, but its WSP(c) = 0.7, which is less than δ 1 ; therefore, it cannot be stored in wresult 1 Fourth, there are two paths between item 'd' in the HeaderTable and the root node. Therefore, a conditional tree is constructed by scanning the two conditional patterns: {abc:0.3} and {ab:0.2}, and the prefix becomes 'd'. In the conditional patterns, WSP(c) = 0.3 < δ, leading to pruning of 'c'. The established conditional tree has only one path, as shown in Figure 6(d) . For the itemset {a d} formed by 'a' and the prefix in the condition tree, WSP(ad) = 0.5 is less than δ 2 ; therefore, it cannot be stored in wresult 2 . For the itemset {a b d} constituted by 'a, b' and the prefix, WSP(a b d) = 0.5, which is greater than δ 3 ; therefore, it can be stored in wresult 3 and δ 3 = 0.5, as shown in Figure 6 (e). Finally, in the HeaderTable of the global PWFP tree, for item 'j', WSP(j) is less than δ, which terminates the PWFP_growth procedure. At termination, the explored top-3 WFPs have been saved in wresult.
IV. EXPERIMENTAL RESULTS

A. DATA OF EXPERIMENTAL ENVIRONMENTS
PWFP was written in C++ and developed on the Microsoft Visual Studio 2010 platform. The experimental operating environment is a computer with an Intel i3, 4G memory, running the Windows 10 operating system.
To evaluate the performance of PWFP, we chose CRMN(SKC), BOMO and FP-growth as comparison algorithms, all of which were implemented in C++. Considering the weight conditions, WSP is used to replace the concept of support in these algorithms. Meanwhile, to operate FPgrowth, a threshold δ needs to be set initially: we set δ to the K -ideal minimum weighted support threshold, δ iK .
To evaluate the performance of PWFP, we downloaded real datasets from http://fimi.cs.helsinki.fi/data. The characteristics of these datasets are listed in Table 3 , where #Items denotes the number of items in the dataset, Ave.Length represents the average number of items included in each transaction, and Transactions represents the number of transactions in the dataset. A random weight in the range of 0 to 1 is assigned to each transaction, and the total number of weights for all transactions would be 1.
To demonstrate the results of mining patterns of Chinese medicinal formulae with PWFP, as an example, we chose to mine TCM prescriptions for glomerulonephritis stored in IoMT. First, 167 research articles on using Chinese medicine to treat glomerulonephritis were searched for in IoMT. We identified 88 articles that met the criteria, which included the following: an RCT of one-time publications; treatment intervention using TCM therapy with a control of Western medicine therapy; and a record of therapeutic outcomes.
By applying Formula (2), the weights of each article were determined in accordance with a comparison of the curative effects from the literature. Then, we divide the total number of weights for all articles by these weights to obtain the relative weight of each article; the sum of the relative weights should be 1.
B. COMPARISON OF ALGORITHM PERFORMANCE 1) ESTIMATION OF THE MINIMUM WEIGHTED SUPPORT THRESHOLD
CRMN (SKC) and FP-growth do not estimate δ. However, for BOMO, after the establishment of a global tree, δ b is VOLUME 6, 2018 FIGURE 9. Running time.
estimated by traversing the subtrees. Thus, to test δ p estimated by PWFP, when N = 10, we carry out a comparison among δ p , δ b and δ ik based on the changes in K .
As shown in Figure 7 , δ b is small. Based on the analysis of Property 2, this result occurs because BOMO does not accumulate the WSPs of the same itemsets on different paths; it calculates WSP only for the final nodes on paths whose length is K and ignores the K-itemsets generated by items on paths with the maximal WSP and a length of K+1.
When K changes, for the datasets Connect and Pumsb, δ p is close to δ ik . For the datasets Chess and Accidents, the gap between δ p and δ ik also increases. This result occurs because Chess and Accidents are dense datasets with little difference in WSP between items. Therefore, when K increases, the number of transactions, which consists of items of I top , decreases, leading to a small δ p . However, even when K = 25, δ p is still greater than δ b for the Chess and Accidents datasets.
2) NUMBER OF NODES IN THE GLOBAL TREE
During global tree construction, PWFP can dynamically enhance δ p to effectively remove items whose WSP is less than δ p in the transactions. However, during the establishment of a global tree, both CRMN(SKC) and BOMO set δ to 0; therefore, the number of nodes in their global trees is equal to that of FP-growth (when δ = 0). To examine the pruning efficiency of PWFP, we conduct a comparison between PWFP and BOMO only of the numbers of nodes in the global trees when N = 10 and K has changed.
As shown in Figure 8 , the PWFP global tree has a smaller number of nodes than does BOMO on various datasets. As discussed in Property 1, this result occurs because δ is always 0 in BOMO, leading to a poor pruning effect.
3) RUNNING TIME
To test the operating efficiency of PWFP, N is set to 10. As K changes, we compared the running times of PWFP, CRMN (SKC), BOMO and FP-growth on various datasets. To obtain δ ik , PWFP was always applied first. Then, according to the explored top-K WFP, we obtained the δ ik values corresponding to different K sizes and used those values to execute FP-growth.
Even when δ is set to the optimal value δ ik , many useless patterns occur while mining the top-K WFP with FP-growth. For example, when N = 10, for theChess dataset, to mine the top-15 WFP, PWFP-growth explores 149 patterns with lengths between 1 and 15; when δ is set to 53, the optimal value, FP-growth explores 682,035 patterns with lengths between 1 and 15. Thus, as shown in Figure 9 , FP-growth is inefficient. BOMO is used for mining top-K WFP to avoid useless patterns. Consequently, when K is small, BOMO is more efficient than FP-growth. However, its estimated δ b is far less than δ ik . When K is large, BOMO obtains the conditional pattern database of each item from the middle of the HeaderTable and then iteratively generates numerous condition trees. Therefore, it must prune many useless WFPs, leading to a sudden drop in the efficiency of BOMO, as shown in Figure 9 . CRMN (SKC) reduces the item combinations on a single path with high operational efficiency. However, similar to BOMO, it also sets δ to 0. Because no global tree pruning occurs, CRMN (SKC) must conduct frequent pruning during mining from the middle of HeaderTable, resulting in a lower operational efficiency than PWFP. Because the δ p estimated by PWFP is close to δ ik , PWFP can prune effectively during the mining process. Therefore, a mining process that starts from the top of the HeaderTable and moves toward the bottom is suitable for PWFP; using this approach, PWFP avoids examining numerous condition trees and obtains the best operational efficiency among the tested algorithms.
C. RESULTS OF TCM PRESCRIPTION MINING
After assigning weights to TCM prescriptions, the parameters N and K were set to 5. Then, PWFP was applied to mine the top-5 WFP, i.e., the top-5 effective prescription patterns as shown in Table 4 . To compare, BOMO was used to extract the VOLUME 6, 2018 top 5 most frequent patterns without prescription weighting; Table 5 shows the results.
D. DISCUSSION OF PRESCRIPTION PATTERNS
As shown in Formula (2), the weights assigned to prescriptions recorded in the literature should be decided by the sample sizes and curative effects of RCTs recorded. In this way, the rank rises for drug combinations that occur in a low frequency but have good curative effects. For example, in Table 5 , Poria cocos ranks first and Astragalus ranks second among the 1-Patterns without considering prescription effects. However, with regard to Table 4 , among the 1-Patterns considering the prescription effects, Astragalus ranks first; this occurs because RCTs using prescriptions that include Astragalus have better curative effects and larger sample sizes than do those without Astragalus. For instance, RCT [43] had 86 patient cases in TRE and 81 patient cases in CON. Additionally, there were 82 effective cases in TRE but only 49 effective cases in CON. Therefore, the weight of the prescription that RCT used was 115.88 by Formula (2). Although 39 RCTs used prescriptions containing Poria cocos, these RCTs have smaller curative effects. For example, in [44] , the RCT using Poria cocos included 120 patient cases, among which 60 were in TREs and 60 were in CONs. Because there were 58 effective cases in TREs but only 39 in CONs, this study was assigned a weight of 104.72.
In the theory of traditional Chinese medicine [45] , the effects of Astragalus include invigorating the spleen, diuresis, and invigorating qi, etc. Thus, clinicians can select Astragalus to invigorate the kidney, enhance the resistance, and nourish qi in clinical treatment. According to modern pharmacological research, Astragalus can regulate metabolic protein disorders of glomerular diseases and plays a role in enhancing plasma albumin and reducing urine protein. Astragalus can greatly reinforce vital energy [46] . Accordingly, Astragalus was ranked first in Table 4 , which is consistent with TCM and pharmacology theory.
As shown in Tables 4 and 5 , after weighting the TCM prescriptions in accordance with their curative effects, some relatively ignored drugs with good curative effects can be determined.
For example, without prescription weighting, Rosa laevigata is ignored with a support value of 10; therefore, it does not appear in Table 5 , because literature about Rosa laevigata is rare. However, in the literature related to Rosa laevigata, the sample sizes of RCTs are large, and high effective rates are reported. In [47] , for example, the RCT included 281 cases in TRE and 279 cases in CON; of these, there were 211 effective cases in TRE and 177 in CON, and its weight was 308.06 according to Formula (2). Hence, Rosa laevigata appears in the 1-Patterns of Table 4 . In addition, in Table 4 , the combination of Rosa laevigata with Semen Euryales and Astragalus ranks third in the 3-Patterns, and the combination plus Salvia miltiorrhiza ranks second in the 4-Patterns. According to TCM theory [48] , Rosa laevigata is effective in controlling nocturnal emissions, has antidiarrheal properties, and induces astringency. In the combination of Rosa laevigata and Astragalus, as the primary drug, Astragalus enhances and tonifies qi, and as the adjuvant drug, Rosa laevigata strengthens the spleen and tonifies the kidneys. Accordingly, extracting effective medication combinations such as Rosa laevigata, Astragalus, and Semen Euryales helps physicians clinically choose medicine.
V. CONCLUSIONS
As far as we know, this paper is the first to mine TCM prescription patterns based on clinical efficacy. In this study, we presented PWFP, which is an efficient methodology for mining the top-K WFP for IoMT and does not necessitate that clinicians set a proper minimum weighted support threshold value. The experimental results showed that PWFP is more efficient than the classical algorithms. In the results mined by PWFP, the rankings of the patterns mined from the prescriptions showed a good rise in clinical efficacy. Hence, when doctors carry out a clinical selection of medicines and studies on new drugs, they can select these top-K effective patterns that had been used in many prescriptions and thereby showed good clinical efficacy. IoMT could be utilized to connect smart medical devices and record TCM clinical data in real-time. In the future, real-time prescription data will be explored. YI ZHANG is currently a Chief Professor with the Chengdu University of Traditional Chinese Medicine, China. He receives a special government subsidy of the State Council and is an academic leader in Sichuan, China. He has published two books and over 200 scientific papers in journals and conference proceedings. His research interests include pharmacodynamic material basis of ethnic medicine and sustainable utilization of human resources. He is serving as the editorial board member of several international journals.
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